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Abstract
The critical mutation rate (CMR) determines the shift be-
tween survival-of-the-fittest and the survival of individuals
with greater mutational robustness (the “flattest”). Small pop-
ulations are more likely to exceed the CMR and become less
well adapted; understanding the CMR is crucial to under-
standing the potential fate of small populations under threat
of extinction. Here we present a simulation model capable of
utilising input parameter values within a biologically relevant
range. A previous study identified an exponential fall in CMR
with decreasing population size, but the parameters and out-
put were not directly relevant outside artificial systems. The
first key contribution of this study is the identification of an
inverse relationship between CMR and gene length when the
gene length is comparable to that found in biological popu-
lations. The exponential relationship is maintained, and the
CMR is lowered to between two to five orders of magnitude
above existing estimates of per base mutation rate for a vari-
ety of organisms. The second key contribution of the study
is the identification of an inverse relationship between CMR
and the number of genes. Using a gene number in the range
for Arabidopsis thaliana produces a CMR close to its known
mutation rate; per base mutation rates for other organisms
are also within one order of magnitude. This is the third key
contribution of the study as it represents the first time such
a simulation model has used input and produced output both
within range for a given biological organism. This novel con-
vergence of CMR model with biological reality is of partic-
ular relevance to populations undergoing a bottleneck, under
stress, and subsequent conservation strategy for populations
on the brink of extinction.
Introduction
Fitter genotypes can be outcompeted by genotypes with
greater robustness when the mutation rate exceeds a critical
mutation rate (CMR); in terms of fitness landscapes, narrow
high fitness peaks may be lost, while broader, lower peaks
are maintained by a population of reproducing sequences.
This so called “survival-of-the-flattest” has been observed
in in silico evolving systems (Wilke, 2005). CMR has an
exponential dependence on population size in both haploid
(Channon et al., 2011) and diploid populations (Aston et al.,
2013); as population size falls, the CMR above which fitter
alleles are lost transitions unexpectedly from near-constant
(the previous assumption in evolutionary biology) to drop
exponentially for small populations. It has been verified that
this model closely reproduces the established mathemati-
cal relationship between population size and “error thresh-
old” (ET. No mathematical model has yet been derived for
the CMR) (Aston et al., 2013). It is therefore possible that
CMRs in small populations could be within the range of bi-
ological mutation rates. However, biological organisms typ-
ically have lengths and numbers of genes orders of magni-
tude higher than those used in models of ETs or CMRs, so
how relevant such models are to real biological populations
remains an open question.
From Artificial to Biological Evolution:
Mutation of Genes in Nature
To bridge the gap between artificial and biological evolution
it is paramount that, when implemented as a simulation, a
model can be given parameter values within the range ob-
served in biological organisms and subsequently output bio-
logically realistic results. The models defined in Aston et al.
(2013) used arbitrary values for parameters such as sequence
length, selected for their suitability to provide results within
a small timeframe.
Whitlock et al. (2003) performed computer simulations
to investigate the effects of varying the strength of selec-
tion and mutational effects among dimensions. They used
a model based on Fisher’s model of the geometry of adap-
tation (Fisher, 1930), but used a hyperellipse in which the
strength of selection along any axis was drawn from an ex-
ponential distribution. They concluded that changing from a
hypersphere to a hyperellipse, and thus introducing dimen-
sions with stronger selection than others, had a negligible
effect on their results. It was therefore decided to focus on
the parameters of mutation rate, gene length, and gene num-
ber; assuming equal strength of selection is not expected to
affect the credibility of the results.
Mutation Rates
The mutation rate used in the simulation model is analagous
to the biological per base mutation rate (see Table 1). Bac-
Figure 1: Two-peak fitness landscape, with one narrow
peak of high fitness (Peak 0), and one broader peak of lower
fitness (Peak 1). The fitness score is relative, and the width
and distance between the peaks are given in terms of Ham-
ming distance. Diagram adapted from Wilke (2005).
terial species were not included due to their use of lateral
gene transfer which is not currently included in the simu-
lation model. Viruses, which are known to live very close
to the ET (Eigen and Schuster, 1979), were not included
due to the complexity and variety of reproduction techniques
which include incorporation into a host genome. Nachman
and Crowell (2000) obtained an estimate of the average mu-
tation rate per nucleotide by comparing pseudogenes (genes
that do not code for proteins or are never expressed) in hu-
mans and chimpanzees. Baer et al. (2007) brought together
the results of theoretical and empirical studies to list mu-
tation rate estimates in a number of multicellular eukary-
otes. Drake et al. (1998) list mutation rate estimates from
studies using mutation accumulation and radiation experi-
ments. Lynch (2010a) also lists mutation rates from vari-
ous sources. Xue et al. (2009) obtained an estimate for the
base substitution rate in the human Y chromosome through
direct sequencing. Kumar and Subramanian (2002) con-
ducted a computational analysis of 5669 genes from species
of placental mammals. Keightley et al. (2009) did whole-
genome shotgun sequencing of three mutation accumula-
tion lines of Drosophila melanogaster, while Keightley et al.
(2014) sequenced two parents and 12 offspring. Denver et al.
(2004) provide a direct estimate of the mutation rate from a
set of Caenorhabditis elegans mutation accumulation lines.
Haag-Liautard et al. (2008) and Ossowski et al. (2010) pro-
vide estimates using mutation accumulation lines. Durbin
et al. (2010) examine variation in the sequence of the human
genome. Lynch et al. (2008) provide a mutation rate esti-
mate from complete genome sequencing of Sacccharomyces
cerevisiae. Lynch (2010b) used existing data to estimate the
mutation rate of various eukaryotes.
Genetic Sequences
Derelle et al. (2006), Sharma et al. (2005) and Lewin (2008)
list the length of various genes for various biological organ-
isms at between approximately 1000 to 140,000 bp; the se-
quence length of 30 bp used to produce the results in As-
ton et al. (2013) is small when compared with the length of
genes found in a wide range of natural species.
Aston et al. (2013) used a two-peak landscape, with the
height of peak 0 constant at 15 and the radius 2, the height of
peak 1 constant at 10 and the radius 5, and the Hamming dis-
tance between the peaks set at 10 (Figure 1). If each peak in
the two-peak landscape is considered to be a different set of
alleles (variant of a gene), estimates of genetic distances be-
tween alleles for various genes can be seen to be analogous
to the distance between the peaks. They fall within the range
of 1 and 56 polymorphisms (Bryan et al., 2000; Ramkumar
et al., 2010). Similarly, the number of polymorphisms was
estimated to be at most 13 (including non-coding regions)
within various human genes studied by Cargill et al. (1999).
In both cases the value of 10 used for the distance between
peaks in Aston et al. (2013) is close to the range of numbers
listed therefore it was decided to keep this number constant.
Varying the distance between the peaks may be an interest-
ing future study.
Longer sequences means more bases to potentially mutate
each generation, leading to the formation of three hypothe-
ses.
Hypothesis 1
According to the drift-barrier hypothesis, drift prevails over
selection to determine mutation if the magnitude of the se-
lection coefficient s is less than 1/Ne (where Ne is ef-
fective population size). The strength of selection that re-
duces mutation rate through mutation-selection balance is
countered by Ne-dependent genetic drift (Sniegowski and
Raynes, 2013). Following this population size dependence,
we hypothesise that, for varying gene lengths and numbers,
the CMR will vary with population size, and that this will
occur in line with the exponential model identified in Aston
et al. (2013).
Hypothesis 2
Drake summarized all studies up to 1990 and concluded
that the per nucleotide per generation mutation rate u varies
inversely with genome size G in microbes (Drake, 1991;
Sung et al., 2012). Eigen and Schuster (1979) theoretically
determined the ET in terms of selection pressure and se-
quence length. Using this model, Ochoa et al. (2000) and
Ochoa (2006) found that longer sequence lengths lead to
lower ETs in genetic algorithms, defined by the equation
p = ln(σ)L where p is the ET on a single peak landscape,
L is sequence length, and σ is selection strength which is
kept constant. Nowak (1992) theoretically determined the
ET in terms of the relative fitness of mutant and wild type
(a1 and a2 respectively, where a2 is assumed to have the
lower fitness) and the sequence length (m). Giving the ET






, it can be seen that increasing m
will decrease the ET. In accordance with this and with Drake
(1991), it is expected that increasing the sequence length
will also lower the CMR.
Hypothesis 3
We hypothesise that increasing the number of genes (while
keeping gene length constant) will further lower the CMR
as it will increase the overall sequence length. Gene num-
bers within biological ranges are expected to lead to CMRs
close to the range of mutation rates observed for biological
species; it is expected biological organisms will be evolving
close to the mutation rate that results in the greatest levels of
adaptation.
Simulation Model
The system used a two-peak fitness landscape (Figure 1),
with the height of peak 0 constant at 15 and the radius 2,
the height of peak 1 constant at 10 and the radius 5, and the
Hamming distance between the peaks set at 10 as per Aston
et al. (2013). Each individual consisted of one randomly as-
signed maternal and one paternal sequence of alphabet size
4, and each sequence was split into n genes of length L. Each
gene had an associated target sequence of length L corre-
sponding to peak 0 and a target sequence corresponding to
peak 1. For example, if n is set to 4, there will be target se-
quences corresponding to peaks 0111, 0212, 0313, and 0414.
For simplicity, each peak 0 was set to be all 0s and each peak
1 was randomly generated to be Hamming distance 10 away.
Recombination was limited to one event per replication as it
was not the focus of the study.
The dominance parameter λwas set to equal a fraction be-
low 1.0 (0.999999999999999 specifically). This sets the rel-
ative importance of the maternal and paternal alleles while
preventing either allele from drifting neutrally; if λ=1.0 the
fitness of only one allele is taken into account, while the
other can be anywhere in the fitness landscape. For each
individual, the fitness of each of its n genes was calcu-
lated as the Hamming distance of its maternal and pater-
nal sequences relative to each peak. The fitness values rel-
ative to peak 0 were compared with the fitness values rel-
ative to peak 1 and the highest of these selected to give a
single fitness value for both the maternal and paternal se-
quences. The resulting maternal and paternal fitnesses were
compared and subsequently designated as fmax and fmin.
The final relative fitness of each gene was calculated as
f = (λ × fmax) + ((1 − λ) × fmin). The overall fitness
of the individual was then taken to equal the minimum fit-
ness out of the n genes present. The simulation was run for
a range of population sizes to confirm the curves observed
in previous experiments (Channon et al., 2011; Aston et al.,
2013) are observed as the length and number of genes is in-
creased.
To allow the simulation to complete within a realistic time
frame, it was optimised to cease running when any one gene
had lost peak 0; this was all the information required to de-
termine the CMR, which was recorded as the mutation rate
at which 95% of 2000 runs lost peak 0 within 10,000 gener-
ations for any of the possible n genes. Launching the sim-
ulation for various combinations of parameter values was
also optimised to allow the mutation rate being tested for a
given gene number to progress to the next mutation rate once
100 out of the possible 2000 runs (corresponding to 5%)
have kept peak 0 for the duration of the simulation. Once
this threshold has been exceeded, less than 95% of the 2000
runs will have lost peak 0, and the CMR will not have been
reached. While this helped significantly with run time, fur-
ther optimisation will be required in the future; it is currently
not feasible to run the simulation for a wide range of popula-
tion sizes and mutation rates for gene numbers at the upper
end of the biological range.
Two approaches were taken when selecting parameter val-
ues within the biological range. Firstly, a gene length of
1000 bp was selected as a small yet biologically realistic
gene length. This provided a gene length small enough to
allow the simulation to run for a range of gene numbers
within a realistic time frame. Secondly, based on the infor-
mation in Table 1 and the value of 2232 bp mean gene size
given by Derelle et al. (2006), Arabidopsis thaliana (thale
cress) was selected as a model organism with a relatively
short gene length. It is a plant native to Eurasia, with an ef-
fective population size of between 250,000 to 300,000 (Cao
et al., 2011), known to contain 25,498 genes encoding pro-
teins from 11,000 families (The Arabidopsis Genome Ini-
tiative, 2000). More current estimates of gene number are
slightly higher but still within a close range for the purpose
of the model (Bevan and Walsh, 2005). The simulation was
run for population size 10 with a gene length of 1000 (as per
the previous runs) or 2000 (range of A.thaliana), but with
25,000 genes to bring the gene number into the range of
A.thaliana.
Results
Increasing the gene length decreses the CMR in
line with the exponential model
Figure 2 shows the CMR for two of the sequence lengths
studied; increasing sequence length decreases the CMR in a
single-gene-per-individual diploid in silico evolving system
modelled on the biological process of meiosis, while main-
taining the exponential relationship with population size pre-
sented in Aston et al. (2013). A.thaliana has a gene length
of 2232 bp (Derelle et al., 2006), the average gene length in
humans is 27 kbp (Lewin, 2008), the upper bound for the
usual gene length range for flies and mammals is 100 kbp
(Lewin, 2008), and the longest gene in the collagen fam-
ily is 132.83 kbp (Sharma et al., 2005); the length of genes
present in biological species varies greatly. Table 1 was used
Table 1: Mutation rates for various eukaryotic species. Mutation rate estimates are specified as the number of times a single
base will mutate spontaneously. If a timeframe (per generation, per cell division) is specified this is listed in the Unit column.
* refers to mutation rates used for reference in Figure 3.
Species Genome size (Mbp) Mutation rate Base/genome Unit Source
Human 3080 1.00E-08 - 2.50E-08 * Per base Per generation Nachman and Crowell (2000); Durbin et al. (2010); Lynch (2010a)
Human 3080 1.75E+02 Per genome Per generation Nachman and Crowell (2000)
Human 3080 5.00E-11 - 6.00E-02 Per base Per cell division Drake et al. (1998); Lynch (2010a)
Human 3080 1.60E-01 Per genome Per cell division Drake et al. (1998)
Human (Y chromosome) 58 3.00E-08 Per base Per generation Xue et al. (2009)
Human, chimpanzee 3080 3.00E+00 Per genome Per generation Baer et al. (2007)
Drosophila melanogaster 120 4.65E-09 - 6.20E-08 Per base Per generation Haag-Liautard et al. (2008); Keightley et al. (2009); Lynch (2010a);
Keightley et al. (2014)
Drosophila melanogaster 120 9.90E-01 - 1.20E+00 Per genome Per generation Baer et al. (2007); Haag-Liautard et al. (2008)
Drosophila spp. 120 7.00E-02 Per genome Per generation Baer et al. (2007)
Drosophila melanogaster 120 1.30E-10 - 3.40E-10 Per base Per cell division Drake et al. (1998); Lynch (2010a)
Quail, chicken 1050 4.90E-01 Per genome Per generation Baer et al. (2007)
Sheep, cow 2870 9.00E-01 Per genome Per generation Baer et al. (2007)
Old World Monkey 1.90E+00 Per genome Per generation Baer et al. (2007)
Mouse, rat 2640 9.10E-01 Per genome Per generation Baer et al. (2007)
Mouse 2640 1.80E-10 Per base Per cell division Drake et al. (1998)
Mouse 2640 1.10E-08 Per base Per generation Drake et al. (1998)
Saccharomyces cerevisiae 12.1 3.30E-10 Per base Per generation Lynch (2010a)
Saccharomyces cerevisiae 12.1 3.30E-10 Per base Per cell division Lynch et al. (2008)
Average mammalian 2.20E-09 * Per base Per genome/year Kumar and Subramanian (2002)
Mammalian upper bound 2.61E-09 Per base Per genome/year Kumar and Subramanian (2002)
Caenorhabditis elegans 100 8.40E-09 - 2.10E-08 Per base Per generation Denver et al. (2004); Haag-Liautard et al. (2008); Lynch (2010b)
Caenorhabditis elegans 100 2.90E+00 Per genome Per generation Lynch et al. (2008)
Arabidopsis thaliana 157 7.10E-09 * Per base Per generation Ossowski et al. (2010)
Arabidopsis thaliana 157 6.50E-09 Per base Per generation Lynch (2010b)
to identify a known mutation rate for A.thaliana, the aver-
age mammal, and humans as 7.1 × 10−9, 2.2 × 10−9, and
2.5 × 10−8 respectively (per base, per generation). Figure
3 shows each of these mutation rates plotted against their
respective gene lengths, along with the maximal CMR pro-
duced when the simulation was run with sequence lengths
of 2000, 27000, 100000, and 150000. The maximal CMR
represents the value at which each curve has levelled out
(e.g., Figure 2), applicable to the range of population sizes
normally expected for each species without threat of extinc-
tion (where population size refers to a local population rather
than the total number of individuals globally). It was taken
to be the CMR at population size 1000. Note the log scale
used for the mutation rate as this enables the difference be-
tween the curves and the biological mutation rates to be seen
clearly.
While Figure 3 is promising in that none of the biologi-
cal mutation rates are higher than the respective CMRs pro-
duced by the simulation, both sets of mutation rates are be-
tween two and five orders of magnitude from each other.
Increasing the number of genes produces
biologically realistic CMRs
As increasing gene length has been seen to decrease CMR,
increasing the number of genes was also expected to de-
crease CMR. The simulation model was run with a mini-
mal yet biologically realistic gene length of 1000, with gene
number doubling from n=1 up to n=8192. The CMR was
recorded as the mutation rate at which 95% of 2000 runs
lost peak 0 for any of the possible n genes. Figure 4 shows
the CMR decreases by up to three magnitudes as gene num-
ber increases from 1 to 8192, bringing the CMR to within
an order of magnitude of the biological mutation rates listed
in Table 1. Curve fitting using R showed the results follow
quadratic curves; these can be seen to become closer as pop-
ulation size is increased, indicating the decrease in the rate
of change of CMR with increasing population size seen in
Figure 2.
Population size 10 was also run with 25,000 genes of
length 1000 or 2000 to bring the gene number to within
the correct range for A.thaliana (The Arabidopsis Genome
Initiative, 2000; Bevan and Walsh, 2005). Increasing the
gene length decreased the CMR further to within an order
of magnitude of the per base per generation mutation rate
for A.thaliana which is given as 7.1 × 10−9 (Table 1). Fig-
ure 4 shows per base mutation rate estimates for A.thaliana,
C.elegans, and D.melanogaster taken from Table 1, each of
which are within an order of magnitude of the simulation re-
sults for 25,000 genes for population size 10. It is notable
that the genome size estimates for multicellular eukaryotes
used in Figure 4 are based on numbers of protein coding
genes. Protein coding sequences account for a relatively
small proportion of the total genome length in such organ-
isms (1.2% in humans (Consortium, 2012)), but much more
of the sequence is functional at some level, probably at least
Figure 2: CMR when the GA was run for one gene
with a sequence length of 2000 and 20000. The expo-
nential line was obtained using the equation y = A − B ∗
e−((N/C)
D)(with N being population size), and the parame-
ters determined by curve-fitting using R with a least squares
method.
9% (Ward and Kellis, 2012), with estimates of up to 80% in
humans (Consortium, 2012; Lu et al., 2015) (albeit this last
figure is likely to be a substantial over-estimate (Graur et al.,
2013)). This means that the genome size at which these bi-
ological mutation rates are plotted in Figure 4 is a minimal
estimate, the true value being substantially, perhaps an order
of magnitude, higher, therefore putting their observed muta-
tion rates closer to the CMRs estimated by simulation.
Discussion
Aston et al. (2013) showed that population size influences
the CMR that can be tolerated before fitter individuals are
outcompeted by those that have a greater mutational robust-
ness in both haploid and diploid artificial populations, a re-
sult which has now been demonstrated to have relevance be-
yond artificial systems. Gene lengths given in Derelle et al.
(2006), Sharma et al. (2005) and Lewin (2008) show that the
Figure 3: Maximal CMR plotted alongside biological per
base per generation mutation rates for one gene with
varying sequence lengths. Maximal CMR is the CMR
recorded for population size 1000 in the simulation, repre-
senting the point at which the curve for each gene length
has levelled out (e.g., Figure 2). The biological mutation
rates were taken from Table 1 for eukaryotic species with
comparable gene lengths to the sequence lengths used in the
simulation.
sequence length of 30 used in Aston et al. (2013) is signif-
icantly smaller than the length of genes observed in biolog-
ical species. The mutation rates in Table 1 are also many
orders of magnitude lower than the CMR reported in Aston
et al. (2013). Hypothesis 1 stated that the CMR will always
have an exponential dependence on population size, while
hypothesis 2 stated increasing the sequence length will lower
the CMR; Figure 2 supports these hypotheses as it shows
that increasing the gene length by a factor of 10 decreases
the CMR by a factor of 10, with each gene length resulting
in an exponential fall in CMR with decreasing population
size. A change in order of magnitude can also be seen in
the biological values. For example, the mean gene length
of A.thaliana is given as 2232 bp (Derelle et al., 2006),
while the average gene length of humans is just over 10
times longer at 27 kbp (Lewin, 2008). In Table 1, the per
base per generation mutation rate for A.thaliana is given as
7.1× 10−9, while the per base per generation mutation rate
for humans is an order of magnitude higher at 2.5 × 10−8.
Figure 3 shows that, when compared with mutation rates for
biological species with comparable gene lengths, the CMR
is always higher as expected. This is a key contribution of
the study as it indicates the CMR exhibits a comparable re-
lationship with gene length as previously determined for the
ET (Nowak, 1992; Ochoa et al., 2000; Ochoa, 2006); the
consistency between the known results for the ET and our
new results for the CMR increases confidence in the study.
While it is clear that increasing sequence length decreases
the CMR, the CMR remains between two and four orders of
magnitude higher than the biological mutation rates (Figure
3). Hypothesis 3 stated that increasing the number of genes
Figure 4: CMR plotted alongside gene number for vary-
ing population sizes. Data are shown for population sizes
10 to 80 with results plotted on a log log scale. Gene length
was kept constant at 1000, while gene number was dou-
bled from 1 up to 8192. The corresponding quadratic lines
were obtained by curve-fitting using R (specifically Qmod
<- lm(log(ydata)~ log(xdata) + I(log(xdata)^2))). Popula-
tion sizes shown represent the steep part of the curve in
Figure 2 before it levels out. Population size 10 was also
run with 25,000 genes, correct range for A.thaliana. Gene
length was set to 1000 to match the other runs or 2000 to
bring it closer to A.thaliana’s gene length. For reference, the
range of per base mutation rates from Table 1 is shown for
A.thaliana, C.elegans (nematode worm), D.melanogaster
(fruit fly) and humans (with gene number estimates from
The Arabidopsis Genome Initiative, (2000), Nam and Bar-
tel (2012), Ashburner and Bergman (2005), and Consortium
(2012) respectively). The mean gene size of A.thaliana is
2232 bp (Derelle et al., 2006), the median gene length for
C.elegans is ~1700 b (Cutter et al., 2009), the average gene
length for D.melanogaster is 1130 b, and for humans 27 kb
(Lewin, 2008).
will lower the CMR. Gene numbers within biological ranges
were expected to lead to CMRs close to the range of muta-
tion rates observed for biological species. Consistent with
this, Figure 4 demonstrates that when gene length is kept
constant, doubling the number of genes leads to a reduction
in the CMR at which 95% of runs lose peak 0 for at least one
gene. The magnitude of this reduction is variable, but occurs
across all population sizes shown in Figure 4. The popula-
tion sizes shown represent the steepest part of the curve in
Figure 2 before it levels out.
It is expected that biological organisms have evolved to
mutate below the CMR; mutation in loss of function alle-
les will have less of an impact on fitness compared with the
same level of mutation in a functional allele. This means
peaks of lower fitness and greater mutational robustness can
be expected to exist in real life fitness landscapes (indepen-
dent of the potential effect of epistasis). Real biological or-
ganisms therefore have the potential to lose higher fitness
peaks at the CMR. There is a lower limit on mutation rate
as defined by the drift-barrier hypothesis therefore it is ex-
pected biological mutation rates will exist somewhere be-
tween this lower limit and the CMR. At some point(s) in
parameter space biological mutation rates and CMRs will
come close; it is expected mutation rates will be just below
the CMR in at least some cases.
Figure 4 shows a drop in CMR in the order of three mag-
nitudes as gene number increases from 1 to 8192. This is a
key contribution of the study as it brings the CMR to within
an order of magnitude of the biological mutation rates listed
in Table 1. The decreasing CMR shown in Figure 4 indi-
cated that increasing the gene number further would bring
the CMR directly into the range of biological mutation rates.
To test this, population size 10 was run with 25,000 genes of
length 1000 or 2000 to bring the gene number and length
to within the correct range for A.thaliana. This decreased
the CMR further to within an order of magnitude of the per
base per generation mutation rate for A.thaliana (Table 1).
Figure 4 also shows per base mutation rate estimates for
C.elegans, humans, and D.melanogaster taken from Table
1, all of which are also within an order of magnitude of the
simulation results for 25,000 genes. The mutation rates for
A.thaliana and C.elegans are at or below the predicted CMR
while D.melanogaster is slightly higher but likely to be be-
low the predicted CMR for a population size greater than 10
based on the trend in Figure 4. This is an important contri-
bution; it is a demonstration that, in a system in which an
individual’s fitness is dependent on the minimum fitness of
its n constituent genes, it is possible to input biologically
realistic parameter values for a specific organism into the
simulation model and produce a CMR within the range of
current biological estimates of mutation rate for that organ-
ism.
Bringing the CMR into the biological range is a very
important step in the development of an in silico model
to directly model the evolution of biological species. Fu-
ture work will require further optimisation of the simulation
model to increase run time feasibility. The current study
had a high level of neutrality due to the small width of the
peaks relative to the size of the adapting sequences. Vary-
ing the width of the peaks and distance between them pro-
vides a potential future study into the effects of neutrality
on the CMR. It should also be noted that eukaryotic organ-
isms such as those discussed here have their DNA organ-
ised into chromosomes, for example, the five chromosomes
of A.thaliana (The Arabidopsis Genome Initiative, 2000).
This gap in the current model presents a potential for fur-
ther development of the model and future study of the effect
of recombination on the CMR. Prediction of the CMR for
populations of varying sizes will enable identification of the
optimum mutation rate, a crucial parameter in the evolution
of small populations where CMR is known to vary signifi-
cantly (Aston et al., 2013); this has the potential to influence
understanding of populations undergoing a bottleneck, un-
der stress, and subsequent conservation strategy for popula-
tions on the brink of extinction.
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